Recent advances in covariance and variance estimators coupled with improvements in the quality of intra-day data have made possible more precise measurement of beta (systematic risk). In this paper we examine the forecastability of beta for Dow Jones stocks. The out-of-sample forecasting exercise conducted in our study results in a dramatic reduction of forecast error of beta on average by over 80%, relative to the industry standard of the constant model. This finding has vast implications for all aspects of finance as precise forecasting of the beta parameter is of crucial importance. 
Systematic risk as measured by beta is a foundation stone of modern finance theory and is a focal point of countless investment and financing decisions. The beta of a security represents its sensitivity to movements in the market. Precise forecasts of beta often on a monthly basis are of critical importance for asset pricing, cash flow valuation, risk management and performance evaluation. For example, fund managers often rebalance their portfolios on a monthly basis and require accurate forecasts of beta [Wang (2003) and Ghysels and Jacquier (2005) ].
Much attention has been given to the time-varying nature of beta [Mandelker (1974) , Keim and Stambaugh (1986) , Ferson (1989) and Breen, Glosten and Jagannathan (1989)] . Ghysels (1998) examined various parametric time varying beta models and shows that no model can outperform the constant beta model. He examined models from Ferson (1989) , Ferson and Harvey (1991, 1993) and Ferson and Korajczyk (1995) and Dumas and Solnik (1995) . This is the first out-of-sample forecast evaluation study to demonstrate a modelling approach that dramatically dominates the monthly constant model. On average the reduction in forecast error is approximately 80%. In this study, out-of-sample beta forecasts based upon the constant model, based on a 5 year window of monthly returns (following Fama and MacBeth, 1973) are evaluated against betas computed from 30 minute intra-day returns over a common forecast horizon of one month. This paper utilizes the approach of Barndorff-Nielsen and Shephard (2004) and Andersen, Bollerslev, Diebold and Wu (2006) to measure and forecast betas.
The realized beta measurement framework of Barndorff-Nielsen and Shephard (2004) and Wu (2005 and 2006) follows on from the earlier related work on realized volatility of Merton (1980) , French, Schwert and Stambaugh (1987) and Schwert (1989) . A realized beta is the ratio of the stock and market return realized covariance and the market realized variance. Realized variance has been the focus of many recent studies such as Andersen and Bollerslev (1998) , Andersen, Bollerslev, Diebold and Labys (2000 , 2001 , 2003 Andersen, Bollerslev, Diebold and Ebens (2001) , Barndorff-Nielson and Shephard (2001 , 2002a , 2002b , 2004 , Maheu and McCurdy (2002) , Martens, van Dijk and Pooter (2004) , Ghysels, Santa-Clara and Valkanov (2005) , Koopman, Jungbacker and Hol (2005) that show that autoregressive time series models, computed on realized variance outperform popular models such as GARCH [Engle (1982) and Bollerslev (1986) ].
In this paper we compute US monthly realized betas, using intraday, daily and monthly returns.
We model and forecast realized betas with the constant, autoregressive and random walk models.
Experimentation with in-sample estimation sizes of 60 and 36 months are conducted, with the forecast evaluation period being 34 months. This out-of-sample forecasting evaluation finds a dramatic reduction of forecast error of beta by up to 95%, relative to the industry standard of the constant model computed from monthly returns. On average over the Dow Jones stocks the forecast error reduction is approximately 80%. This paper is organized as follows: Section I describes the data used in the study and section II outlines the beta measurement approach. The forecast evaluation is conducted in section III and the final section concludes the study.
I Data
Monthly, daily and 30-minute intraday data are collected for the analysis. The data set is sourced companies of the DJIA were considered, however, due to the incompleteness of data, five companies were excluded from the sample.
II Beta Measuring
Following the approach of Barndorff-Nielsen and Shephard (2004) 
For additional details refer to Barndorff-Nielsen and Shephard (2004) and Andersen, Bollerslev, Diebold and Wu (2006) .
The beta of a security is the covariance of the security with the market divided by the variance of the market. The realized beta of a security is the realized covariance of a security and the market divided by the realized variance of the market. The realized covariance of a security i and the market m over a period [t, t+h] is the sum of the product of the ∆-period returns of a security i and the market M, uniformly measured over the period [t, t+h] :
The realized variance over a period [t, t+h] is the sum of the squared ∆-period returns of the market M uniformly measured over the period [t, t+h] :
As discussed, the realized beta is the realized covariance of the security and the market divided by the realized variance of the market: In this study realized monthly betas are computed using 30-minutes returns, hence h is one month and the ∆-period is 30-minutes. The 30-minute interval creates a balance between measurement error and market microstructure noise effects. The market trades from 9.30am to 4.00pm. There are thirteen 30-minutes interval returns for each day and consequently approximately 285 underlying observations for each month. Figure 1 presents the monthly realized betas for US companies and Figures 2 and 3 display the autocorrelation and partial autocorrelation functions. In general, these functions display a decay in the autocorrelation and a cut-off in the partial autocorrelation at an early lag, indicating low order autoregressive processes.
Commonly used in financial practice and research is the rolling estimator of beta based upon a 5 year window of monthly returns (as above with h set at 5 years and ∆ equal to 1 month). In addition we also compute realized betas when h is set to 5 years and ∆ equal to 1 day. We repeat the above with a shorter estimation window of h set at 3 years and ∆ set at 1 month and 1 day, respectively.
III Forecast Evaluation
Month-ahead forecasting of beta is conducted for each of the US stocks over a forecast ...
where p α are coefficients from performing an OLS regression on the following equation where m is the number of months in the out-of-sample evaluation, and j β is the realized beta at month j and ˆj β is the corresponding forecast, for each model. 2 The out-of-sample beta forecasts are made over the identical period to the constant and autoregressive models.
To provide a comprehensible evaluation of the beta forecast a series of tables are assembled. Table II and Table III provide the MSE and MAE of the one-month-ahead forecast of US betas based upon the previous 60 months, respectively. Table IV and Table V provide the MSE and MAE of the one-month-ahead forecast of US betas based upon the previous 36 months, respectively. Table VI and Table VII provide the average error of the one-month-ahead forecast of US Betas based on the previous 60 and 36 months, respectively, the average is computed by taking the mean of the 25 companies in the sample. To provide a detailed analysis on the reduction when using the AR(3) comparative to using the Benchmark Monthly, Benchmark
Daily and Constant models, Table VIII and Table IX present the relative and absolute reductions of the MSE and MAE for each company based on the previous 60 months, respectively. Table X and Table XI show the reduction in MSE and MAE that an AR(3) would offer based on 36 months, respectively, relative to the Benchmark Monthly, Benchmark Daily and Constant models. Table VIII to Table XI is constructed using the data from Table II to Table V. Firstly, the average error of one-month-ahead forecast of US betas based on the previous 60 and 36 months obtainable in Table VI and Table VII , respectively will be interpreted. Secondly, a detailed examination of specific companies is conducted; this involves an inspection of Table   VIII to Table XI. In absolute terms the AR(3) produced the best result based upon 60 months and the AR (1) produced the best result based upon 36 months and overall. The results based upon 36 months for the AR(1), AR(2) and AR(3) models are marginally different. The AR(3) model is favoured because the 3 lags assist to diminish the impact of potential outliers. The average error of onemonth-ahead forecasts depict that beta forecasts using the autoregressive model with 3 lags based upon an in-sample size of 60 or 36 months produce the optimal results relative to the other models. On average the autoregressive model with 3 lags based on 60 or 36 months of realized betas, computed from 30 minute returns reduces MSE and MAE of the commonly used rolling estimator of beta based upon a 5 year window of monthly returns (the 5 year Benchmark Monthly model) by approximately 80% and 60% 3 , respectively. Table VI and Table VII show that the autoregressive models consistently outperform the other models in both in-sample sizes of 60 and 36 months.
The average reduction in MSE and MAE when using the AR(3) model based upon the previous 60 months relative to the random walk model is 25% and 14%, respectively, results for 36 months show a further reduction of 26% and 15%. For the 60 and 36 months in-sample size, 23 of the 25 companies had a random walk forecast that resulted in a higher MSE or MAE than the AR(3) model (for 2 companies 4 where RW dominated the AR(1) model, the improvements were only marginal). Results show using the AR(3) model to forecast betas is superior to the random walk. It is expected that the random walk model would perform poorly, as betas do not appear to have a unit root, however, the model performed reasonably well for some companies.
In Table VIII and Table IX , the performance of the autoregressive model with 3 lags based upon the previous 60 months relative to the other non-autoregressive models is evaluated. The 3 respectively. This shows that that the non-autoregressive models perform very poorly with some companies, relative to the AR(3) model.
Though the non-autoregressive models overall poorly against the autoregressive models, there were a few companies using the non-autoregressive models that performed better then the AR(3) model 5 . The maximum increase in MSE and MAE when using the AR(3) model against other models is inspected. Firstly, the 5 year Benchmark Monthly model results showed the MSE and MAE for American International Group increase by 6% and 9% in relative terms and by 0.001 and 0.009 in absolute terms and for Altria Group INC an increase of 5%(0.002) and 11%(0.017), respectively, when using the AR(3) model. Secondly, the 5 year Benchmark Daily model showed 5 The results of these companies are bolded in Table VIII and Table IX Table X and Table XI show very similar results to Table VIII and   Table IX , showing the consistency and robustness of the results.
It is seen that, 15 of the 25 companies had their MSE more than halved, when using the AR (3) model opposed to both the commonly used rolling estimator of beta based upon a 5 year window of monthly and daily returns 6 . 17 of the 25 companies had their MSE more than halved, when using the AR(3) model as opposed to both the commonly used rolling estimator of beta based upon a 3 year window of monthly and daily returns 7 .
The substantial improvements in beta forecasts are of immense importance to finance practice, in areas such as portfolio construction and asset valuations where accurate beta forecast are very important [Wang (2003) and Ghysels and Jacquier (2005)]. There are only a few companies where non-autoregressive models perform better than the AR(3) model. The forecasts of systematic risk using an autoregressive model with 3 lags based upon an in-sample size of 60 or 36 months of realized betas computed from 30 minute returns on average reduces the MSE and 6 Refer to Table VIII 7 Refer to Table X 14 MAE of beta forecasts by approximately 80% and 60%, respectively, compared to the 5 year Benchmark Monthly model.
IV Conclusion
This paper was motivated by the demand by academics and practitioners alike for precise forecasts of systematic risk as measured by beta. Coupling the state of the art financial econometric technique of estimating realized covariances and variances with the availability of superior quality high frequency data, we demonstrate models that produce forecast errors dramatically less than the standard benchmark models which have been the industry standard for over 30 years, following Fama and MacBeth (1973) . The Benchmark Monthly model uses monthly returns from the previous 60 months to compute a realized beta that represents the one-month ahead forecast. The Benchmark Daily model uses daily returns from the previous 60 months to compute a realized beta that represents the onemonth ahead forecast. The Constant model takes the average of the previous 60 monthly realized betas computed with 30 minute interval returns as the one-month ahead forecast. For the autoregressive models, a low order process, is fitted to the previous 60 monthly realized betas computed with 30 minute interval returns. The coefficients are then used to forecast the next one-month ahead beta. The random walk model approach uses the current monthly beta computed with 30 minute interval returns as the one-month ahead forecast. The forecast evaluation period covers the period from 2003:3 through 2005:12. Minimum value for each company is bolded. The Benchmark Monthly model uses monthly returns from the previous 60 months to compute a realized beta that represents the one-month ahead forecast. The Benchmark Daily model uses daily returns from the previous 60 months to compute a realized beta that represents the onemonth ahead forecast. The Constant model takes the average of the previous 60 monthly realized betas computed with 30 minute interval returns as the one-month ahead forecast. For the autoregressive models, a low order process, is fitted to the previous 60 monthly realized betas computed with 30 minute interval returns. The coefficients are then used to forecast the next one-month ahead beta. The random walk model approach uses the current monthly beta computed with 30 minute interval returns as the one-month ahead forecast. The forecast evaluation period covers the period from 2003:3 through 2005:12. Minimum value for each company is bolded. The Benchmark Monthly model uses monthly returns from the previous 36 months to compute a realized beta that represents the one-month ahead forecast. The Benchmark Daily model uses daily returns from the previous 36 months to compute a realized beta that represents the onemonth ahead forecast. The Constant model takes the average of the previous 36 monthly realized betas computed with 30 minute interval returns as the one-month ahead forecast. For the autoregressive models, a low order process, is fitted to the previous 36 monthly realized betas computed with 30 minute interval returns. The coefficients are then used to forecast the next one-month ahead beta. The random walk model approach uses the current monthly beta computed with 30 minute interval returns as the one-month ahead forecast. The forecast evaluation period covers the period from 2003:3 through 2005:12. Minimum value for each company is bolded. The Benchmark Monthly model uses monthly returns from the previous 36 months to compute a realized beta that represents the one-month ahead forecast. The Benchmark Daily model uses daily returns from the previous 36 months to compute a realized beta that represents the onemonth ahead forecast. The Constant model takes the average of the previous 36 monthly realized betas computed with 30 minute interval returns as the one-month ahead forecast. For the autoregressive models, a low order process, is fitted to the previous 36 monthly realized betas computed with 30 minute interval returns. The coefficients are then used to forecast the next one-month ahead beta. The random walk model approach uses the current monthly beta computed with 30 minute interval returns as the one-month ahead forecast. The forecast evaluation period covers the period from 2003:3 through 2005:12. Minimum value for each company is bolded. ^Maximum value in the column ^^Minimum value in the column * number of values over 20% in the column ** number of values over 50% in the column *** number of values over 80% in the column The Benchmark Monthly model uses monthly returns from the previous 36 months to compute a realized beta that represents the one-month ahead forecast. The Benchmark Daily model uses daily returns from the previous 36 months to compute a realized beta that represents the onemonth ahead forecast. The Constant model takes the average of the previous 36 monthly realized betas computed with 30 minute interval returns as the one-month ahead forecast. The AR(3) model is fitted to the previous 36 monthly realized betas computed with 30 minute interval returns. 
